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Abstract. As one of the most well-known cryptocurrencies, Bitcoin has gradually been 

embraced, showcasing the potential to emerge as a common method of payment. The year 

2021 witnessed considerable fluctuations in Bitcoin’s value, sparking a vast amount of research 

published in the Web of Science since the first studies on Bitcoin and cryptocurrencies 

appeared in 2012. The volatility of 2021, marked by successive bear and bull markets, 

highlighted the limitations of existing prediction tools. The main concern with Bitcoin lies not 

in its volatility, but rather in its unpredictability. Effective forecasting is crucial as it enhances 

retailers’ strategies towards Bitcoin, encouraging its broader adoption. This study aims to 

conduct mid-term price predictions with a five-day outlook, utilizing Bitcoin previous prices, 

blockchain metrics and Twitter sentiments as input data. The prediction technique employs a 

combination of ensemble machine learning methods, including bagging, boosting, voting, and 

stacking, to achieve its forecasts. The analysis covers daily data collected from January 1, 

2019, to May 31, 2022. For longer-term forecasts, the Facebook Prophet tool is used, suitable 

for univariate data sets only, demonstrating commendable accuracy for long-term projections. 

The Mean Absolute Error (MAE) metric is used to evaluate the precision of these predictions. 

1.  Introduction 

Over the years, trading has evolved significantly, transitioning from barter systems to the use of fiat 

currency, advancements in banking, and the advent of blockchain-based cryptocurrencies. Bitcoin, 

since its inception, has captured significant attention, gradually establishing itself as a more reliable 

long-term investment option [1].  

Both mid- and long-term predictions of Bitcoin price are challenging. The goal of such predictions 

is to make the Bitcoin market more predictable and increase the trust in cryptocurrencies. Most of the 

scientific works focused on the short-term predictions, but the very volatile Bitcoin price in 2021 

discouraged such approaches due to the very high errors that were encountered by prediction tools [2], 

[3]. Some investors are scared by bear markets and usually sell when the prices start to go down. Some 

investors wait for the prices to go down and then buy the assets. Nevertheless, they are interested in 

knowing the evolution of Bitcoin in advance. The existing data regarding the blockchain transactions 

can offer valuable insights into the mid-term evolution of the prices. Several on-chain metrics are used 

as input to predict the prices [4] for the next five days. 

Moreover, knowing the Bitcoin price evolution for some months ahead brings advantages in 

trading with Bitcoin. Therefore, a strong prediction tool – Facebook Prophet is set up to predict the 

prices for the following 4 months. The input data is open data downloaded from Glassnode platform, 

Twitter, Binance and Kaggle. 



 

 

 

 

 

 

2.  Literature review 

More than 9,000 papers were written and published about Bitcoin and cryptocurrencies according to 

Web of Science platform [5]. The interest in Bitcoin increased gradually and more and more scientific 

papers are focused on various topics such as blockchain platform [6], dark markets, transitions [7], 

price forecast [8], [9], [10], security of the trading, transparency, relationship with macroeconomics 

[11], and facilities of payment for various users [12].  

Due to their complexity and efficiency, ensemble models are one of the state-of-the-art models 

used in practice to provide predictions in the uncertain environment [13], [14]. They were applied in 

various fields such as energy, air pollution, etc. Usually, ensemble models rely on the forecasting 

ability of several performant models.  

Moreover, Facebook Prophet is popular for predictions and sometimes competes with the well-

known models such ARIMA  [15]. It is used in forecasting weather conditions, including hydrology 

[16], PV systems output, solar irradiation [17], economic variables such as sales and stock prices [18]. 

It was employed for predicting the Bitcoin price as well and provided good results [19]. 

3.  Methodology 

For prediction, we create Python pipelines in order to obtain a mid or long-term forecast of the Bitcoin 

prices. The pipeline of algorithms for the mid-term prediction consists of: Random Forest (RF) that is 

a bagging model, three boosting models: eXtreme Gradient Boosting (XGB), Histogram Gradient 

Boosting (HGB) and Light Gradient Boosting (LGB), a Voting Regressor (VR) that embeds the results 

of RF, XGB, HGB and LGB and a stacking model that includes the voting regressor results and is a 

meta-model from the ensemble methods. The Voting Regressor combines the predictions from all the 

individual models. It can combine different models including linear regression, Support Vector 

Machine (SVM), Multi-Layer Perceptron (MLP) and other Artificial Neural Network (ANN) models.  

There are different ways to combine these predictions: averaging, weighted averaging, median 

where the median of the predictions is considered as the final prediction mitigating the effect of 

outliers. Stacking is an ensemble machine learning technique that combines the predictions of multiple 

base models (also known as level-0 models) to make a final prediction using a meta-model (level-1 

model). Stacking is a form of model stacking or blending that aims to improve the overall predictive 

performance of a machine learning system by leveraging the strengths of different models – as in 

figure 1. A meta-model is a simple model like linear regression or another machine learning model 

(decision tree, gradient boosting), trained on the meta-features (predictions) generated by the base 

models (level-0 models). The goal of the meta-model is to learn how to combine the predictions of the 

base models to make a final prediction that optimizes predictive performance. 

 
Figure 1. Proposed ensemble model 

 

The long-term prediction is based on the Bitcoin price time series and Facebook Prophet algorithm. 

Thus, we take a univariate dataset and define the intervals for training and testing the results. Both an 

in-sample and out-of-sample predictions are performed to test the results. 

4.  Results 

The input daily Bitcoin price for mid-term prediction is displayed in figure 2. 
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Figure 2. Bitcoin price evolution from 1st of July 2021 until end of June 2022 

 

In Table 1, the correlation coefficients between on-chain metrics, Twitter sentiment and Bitcoin 

price is showcased. The correlation illustrates different intensities, and the prediction relies on the 

relationship between some of the metrics (such as: market cap, NUPL, SOPR) and Bitcoin prices. 

However, the correlation with Twitter data is weak.  

 

Table 1. On-chain metrics, Twitter sentiment and correlations with Bitcoin price 
No. Feature Correlation No. Feature Correlation 

1 Active Addresses 0.2386 29 3iq Holdings 0.5014 

2 Sending Addresses 0.1825 30 Coin Days Destroyed -0.0396 

3 Receiving Addresses 0.2711 31 ASOL -0.0209 

4 Addresses with Non-zero Balance -0.5994 32 MSOL -0.0981 

5 Over 0.01 -0.6244 33 Suply Last Active 1+ Years Ago -0.6551 

6 Over 0.1 -0.6012 34 Suply Last Active 2+ Years Ago 0.0977 

7 Over 1 -0.6027 35 Suply Last Active 3+ Years Ago -0.5328 

8 Over 10 0.2104 36 Suply Last Active 5+ Years Ago -0.1816 

9 Over 100 0.5080 37 MVRV 0.9457 

10 Over 1000 -0.3413 38 NVT 0.1313 

11 Over 10000 -0.5159 39 SOPR 0.5137 

12 New Addresses 0.3830 40 NUPL 0.8991 

13 Exchange Balance 0.3545 41 Block Height -0.4768 

14 Exchange Net Position Change 0.2805 42 Blocks Mined 0.2005 

15 Exchange Inflow Volume -0.2184 43 Block Interval Mean -0.2109 

16 Exchange Outflow Volume -0.2545 44 Block Size Mean -0.0423 

17 Exchange Withdrawals 0.1083 45 Issuance 0.2005 

18 In-House Exchange Volume -0.3086 46 Inflation Rate 0.2242 

19 Inter-Exchange Transfers 0.6548 47 Difficulty -0.3911 

20 Inter-Exchange Volume -0.1193 48 Hash Rate -0.3036 

21 Fees Total -0.1792 49 Transaction Count 0.2938 

22 Fees Mean -0.2376 50 Transaction Size 0.1049 

23 Free Ratio Multiple 0.1396 51 Transfer Volume Total -0.0421 

24 Miner Revenue Fees -0.1937 52 Transfer Volume Mean -0.0989 

25 Thermocap -0.4431 53 UTXO Total -0.5736 

26 Market Cap to Thermocap Ratio 0.9286 54 Market Cap 0.9998 

27 Purpouse Bitcoin ETF Holdings -0.4277 55 Tweets Volume -0.0646 

28 Bitcoin Fund Holdings 0.5702 56 Tweets Sentiment -0.0190 

 

For long-term prediction using Facebook Prophet algorithm in Python, the Bitcoin price time series 

is graphically represented in figure 3. Hourly prices were taken into account. In this longer interval, 
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several bull and bear markets are evident. The first important increase took place in January and 

February 2021 followed by the first downward slope in May 2021, the second and third upward slopes 

were recorded in August and October followed by a second downward slope in November 2021. 

 
Figure 3. Bitcoin price evolution in time (from January 2019 until end of May 2022) 

 

4.1. Mid-term prediction  

We trained the models for interval 1st of July 2021 to 31st of March and obtained the following results 

for the first 5 days in April. Then we trained the models for 1st of July 2021 to 5th of April and 

obtained the following results for the 6th – 10th of April and so on we continued to train the models and 

obtain the forecast for the entire month – April 2022, as in figure 4. 

 



 

 

 

 

 

 



 

 

 

 

 

 

 
Figure 4. Bitcoin price prediction for April 2022 

 

Figure 4 depicts the daily price movements of Bitcoin (BTC) over several days in April 2022, 

visualized through three different line graphs labelled "BTC_price", "BTC_price_F", and 

"BTC_price_PF". Here is a breakdown of what each graph represents, and the general trends 

observed: BTC_price - this line represents the actual historical daily closing prices of Bitcoin; 

BTC_price_F - this line represents a forecasted price based on a specific model or algorithm. Its 

closeness to "BTC_price" suggests it may be predictions made very close to or during the actual time; 

BTC_price_PF - this is another set of forecasted or predicted, possibly from a slightly different model 

or method than "BTC_price_F". The variations between "BTC_price_F" and "BTC_price_PF" 

indicate different modelling approaches or assumptions. 

Across the charts, there are general ups and downs in the Bitcoin prices indicating typical volatility. 

In some periods, the forecasted lines ("BTC_price_F" and "BTC_price_PF") closely follow the actual 

prices, suggesting that the forecasting models are somewhat accurate during these times. There are 

also periods where the forecasted prices diverge significantly from the actual prices, highlighting 

potential limitations or errors in the forecasting models under certain market conditions. Notably, 

during sharp rises or drops in the actual prices, the forecasts seem to lag slightly or fail to predict the 

extent of the change, which is common in predictive modelling of volatile markets like 

cryptocurrencies. 

The forecasts, especially when closely aligned with the actual prices, can be useful tools for traders 

and investors trying to anticipate market movements. The discrepancies between actual and forecasted 

prices are critical points for refining the forecasting algorithms or models to better handle sudden 

market shifts. 

 



 

 

 

 

 

 

Overall, figure 4 provides useful insights into the performance and potential reliability of different 

Bitcoin price forecasting models. It also highlights the inherent challenges in predicting 

cryptocurrency prices due to their volatility. 

 

4.2. Long-term prediction 

First, we train the models and test in-sample for interval Jan. 2019 – Dec 2021. The results are showed 

in figure 5. 

 
Figure 5. First in-sample long-term prediction 

 

The out-of-sample prediction for the first 4 months in 2022 (Jan-Apr) is displayed in figure 6. 

 
Figure 6. First out-of-sample long-term prediction 

 

Second, we train the model and test using dataset that spans from Jan. 2019 until May 2022 as in 

figure 7. Out-of-sample prediction for the next 4 months (until September 2022) as in figure 8. 



 

 

 

 

 

 

 
Figure 7. Second in-sample long-term prediction 

 

 
Figure 8. Second out-of-sample long-term prediction 

 

These figures illustrate the historical price data of Bitcoin along with predictive models, showing 

both in-sample fits and out-of-sample forecasts. The out-of-sample forecast (Figure 8) - The black line 

represents historical Bitcoin prices up to a point, with a predictive model overlaid in blue. The blue 

shaded area indicates the confidence interval or prediction interval, suggesting where the model 

predicts prices could realistically fall. The model forecasts a potential continuation or slight uptick in 

prices, but with significant uncertainty as indicated by the wide confidence interval. The In-Sample Fit 

(Figure  7) - The historical data is again shown in black, with the blue line indicating the model’s fit to 

historical data. This chart is useful for assessing how well the model captures past trends and 

fluctuations in Bitcoin's price. The In-Sample Fit with Trend Lines (Figure 5) - Similar to the second, 

but the blue line more actively follows the peaks and troughs of the actual price, suggesting a model 

that closely fits the historical data. The Out-of-Sample Forecast with Trend Line (Figure 6) - This 

displays another predictive model’s out-of-sample forecast, where the blue line suggests an expected 



 

 

 

 

 

 

future trend based on historical data. The blue shaded area shows the uncertainty in the forecast, which 

appears to increase over time, indicating less certainty in the model’s predictions as it moves further 

from the last known data point. 

The models that fit the historical data closely provide insights into the model’s accuracy and 

reliability. If the model captures the historical trends and fluctuations well, it may be more trusted for 

short-term forecasting. The confidence intervals in the forecasts (shaded areas) highlight the 

uncertainty and risk involved in using these models for predicting future prices. A wider interval 

suggests higher uncertainty. These models are particularly useful for investors and analysts trying to 

anticipate market movements or for strategizing entries and exits in trading. However, the inherent 

volatility of Bitcoin means that predictions can rapidly become outdated. These visualizations 

underscore the challenges in predicting volatile markets like cryptocurrencies. 

 

5. Conclusion 

In this paper, we proposed two approaches for mid- and long-term Bitcoin price prediction. For mid-

term, 54 on-chain metrics and Twitter data for one year are used to train ensemble models and obtain a 

5-day prediction, whereas for long-term prediction, Facebook Prophet algorithm is applied on the 

Bitcoin price time series in order to obtain the prediction for a couple of months ahead.  

Based on the results, both mid and long-term predictions provide good estimations of the future 

prices of Bitcoin. However, it is important to note that for the two cases, different approaches are 

considered as the mid-term estimation rely on the on-chain metrics whereas for the long-term 

prediction, the Facebook Prophet provided better results. 
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